Abstract: Surface soil moisture (SM) plays an essential role in the water and energy balance between the land surface and the atmosphere. Low spatio-temporal resolution, about 25-40 km and 2-3 days, of the commonly used global microwave SM products limits their application at regional scales. In this study, we developed an algorithm to improve the SM spatio-temporal resolution using multi-source remote sensing data and a machine-learning model named the General Regression Neural Network (GRNN). First, six high spatial resolution input variables, including Land Surface Temperature (LST), Normalized Difference Vegetation Index (NDVI), albedo, Digital Elevation Model (DEM), Longitude (Lon) and Latitude (Lat), were selected and gap-filled to obtain high spatio-temporal resolution inputs. Then, the GRNN was trained at a low spatio-temporal resolution to obtain the relationship between SM and input variables. Finally, the trained GRNN was driven by the high spatio-temporal resolution input variables to obtain high spatio-temporal resolution SM. We used the Fengyun-3B (FY-3B) SM over the Tibetan Plateau (TP) to test the algorithm. The results show that the algorithm could successfully improve the spatio-temporal resolution of FY-3B SM from 0.25 • and 2-3 days to 0.05 • and 1-day over the TP. The improved SM is consistent with the original product in terms of both spatial distribution and temporal variation. The high spatio-temporal resolution SM allows a better understanding of the diurnal and seasonal variations of SM at the regional scale, consequently enhancing ecological and hydrological applications, especially under climate change.
Introduction
Surface soil moisture (SM) is a key variable in the exchange of energy and water between the land surface and the atmosphere. Several satellite-based SM products have been released during the past decades to measure global land surface SM, including the Advanced Microwave Scanning Radiometer-EOS (AMSR-E) [1] , the Advanced Scatterometer (ASCAT) [2] , the Soil Moisture and Ocean Salinity (SMOS) [3] , the Fengyun-3B (FY-3B) [4] , and the Soil Moisture Active Passive (SMAP) [5] . These products have been validated against extensive field campaigns and have been widely used for a range of applications, such as drought monitoring and climate model evaluations [6] [7] [8] . However, these long-term series SM products have the common disadvantages of low spatial (25 km) and temporal (2-3 days or more) resolutions. Although the C-band radar sensor of Sentinel-1 has been able to provide 1-km SM since 2015, it also suffers from a low temporal resolution of 6-12 days. These limitations severely constrain our understanding of SM data and related applications. For example, although low spatial resolution SM products are adequate for many global applications, they do not meet the requirements of regional hydrological and ecological applications, where daily SMs with a spatial resolution of 1-10 kilometers are needed [9] . Lower temporal resolution data, together with gaps, always smooth SM detail variations, making it difficult to apply them in refined applications, such as irrigation monitoring.
Various downscaling methods have been proposed to obtain high spatial resolution SM, considering numerous environmental and vegetation structural variables from multi-sources remote sensing observations. These methods can be divided into four categories: active and passive microwave data fusion methods, optical/thermal and microwave fusion methods, data assimilation and geophysical parameter methods [10, 11] . To date, the main objective of these downscaling algorithms has been to improve the spatial resolution of the SM datasets. How to improve the temporal resolution has not yet been paid enough attention to. In fact, due to the low revisit time and gaps introduced by retrieval algorithm, the gap percentage in the original SM products is very high. For example, it is higher than 60% in most parts of the Tibetan Plateau (TP) for most SM products. To solve this issue, we proposed a spatio-temporal continuity SM reconstruction method which enhances the temporal resolution of SM products but does not improve the spatial resolution [12] . Hence, improving the spatio-temporal resolution of SM products still poses a great challenge.
All of the SM downscaling approaches have tried to build a model linking a microwave SM dataset with an optical/SAR dataset at the low resolution of the microwave data and then to apply it at a high resolution to disaggregate the low resolution SM. Examples of these approaches are the land surface temperature (LST)/Vegetation Index (VI) triangle-based models and the thermal-based disaggregation approach [13] [14] [15] [16] . For frequent and high-resolution observations, the multi-source remotely sensed optical products (e.g., LST) are a widely accepted choice. However, how to build a stable and reliable linked relationship between low and high resolution datasets to enhance the spatio-temporal resolution of SM is another challenging task because traditional statistical methods are generally not suitable to deal with large scales and complex terrain regions where the LST is affected by strong terrain effect [17] . Compared with traditional downscaling techniques, machine learning techniques are better suited to handle enormous amounts of noisy data from dynamic and non-linear systems [18, 19] . Hence, machine learning methods are becoming a promising technique for SM resolution improvement [18] .
In this paper, our objective was to develop an algorithm that improves both the spatial and temporal resolution of SM by extending the reconstructing method proposed by Cui et al. [12] , and validate it using Fengyun-3B (FY-3B) SM over the Tibetan Plateau (TP). Details of the study area, the remote sensing and ground data, and the resolution improving method are presented in Section 2. Results and discussions of its application are provided in Section 3. Finally, in Section 4, we summarize the main findings and contributions of this work.
Materials and Methods

Study Area
In this study, we chose the TP as the study area. The TP is located between 70 • -105 • E and 25 • -40 • N ( Figure 1a ) and is known as the Earth's Third Pole and Asia's water towers. The TP plays an important role in global change and is well characterized by SM. The annual precipitation is 300-700 mm, and 75% of this amount is received from May to October. SM varies seasonally and is low in the winter and high in the summer. The study area land cover from MODIS for 2014 was aggregated from a spatial resolution of 0.05 • to 0.25 • based on the maximum area ratio and is shown in Figure 1a . The dominant land cover types are "Grassland" and "Barren or Sparsely Vegetated". For more information about the TP, we refer to Chen et al. [20] and Yang et al. [21] . 
Materials
Ground Data
A soil moisture/temperature monitoring network named Naqu network, containing 57 stations, was gradually assembled in the central TP since August 2010 to validate satellite SM products ( Figure  1b ) [22] . The network is about 100 × 100 km 2 and located at 4500 m above sea level. The main sensors are the EC-TM capacitance probes manufactured by Decagon Devices with an accuracy of ±0.03 cm 3 cm -3 . The influence area of each station is about several square meters. At each station, four such sensors are installed at depths of 5, 10, 20, and 40 cm, respectively, and the sampling frequency was set to once every 30 mins. In this study, we used the ground data collected between 1 January 2014 and 31 December 2014. The daily observations were obtained by averaging the 30-min soil moisture observations at a depth of 5 cm to match the remotely sensed SM. We extracted four validation 
Materials
Ground Data
A soil moisture/temperature monitoring network named Naqu network, containing 57 stations, was gradually assembled in the central TP since August 2010 to validate satellite SM products (Figure 1b) [22] . The network is about 100 × 100 km 2 and located at 4500 m above sea level. The main sensors are the EC-TM capacitance probes manufactured by Decagon Devices with an accuracy of ±0.03 cm 3 cm −3 . The influence area of each station is about several square meters. At each station, four such sensors are installed at depths of 5, 10, 20, and 40 cm, respectively, and the sampling frequency was set to once every 30 mins. In this study, we used the ground data collected between 1 January 2014 and 31 December 2014. The daily observations were obtained by averaging the 30-min soil The FY-3B satellite was launched by the China National Space Administration on November 2010 and is equipped with a passive microwave radiometer called Microwave Radiation Imager (MWRI). MWRI provides observations with frequencies ranging from 10.7 GHz to 89.0 GHz in both ascending (1:40 P.M.) and descending (1:40 A.M.) mode. For this study, we used the ascending FY-3B level-3 SM product with a grid resolution of 0.25 • and temporal resolution of 2-3 days provided by the Chinese National Satellite Meteorological Center (http://satellite.nsmc.org.cn/portalsite/default.aspx). The FY-3B SM was retrieved from an iterative inversion algorithm using the brightness temperature observations of 10.7 and 18.7 GHz [4] . In the algorithm, the effects of surface temperature and vegetation are corrected from the Ka-band (36.5 GHz) vertical polarized brightness temperature and the Normalized Difference Vegetation Index (NDVI). A new surface emission model Qp proposed by Shi et al. [23] was utilized to correct the effects of surface roughness. Due to satellite orbits and retrieval algorithms, gaps in the products are intrinsic [24] .
Multi-source Remote Sensing Data
Three MODIS products with a 0.05 • spatial resolution, i.e., 8-day NDVI (MOD13C2), daily LST (MOD11C1) and 8-day albedo (MCD43C3) (downloaded from http://reverb.echo.nasa.gov/) for 2014 were used as the reference data in the SM spatio-temporal resolution improving process. One Digital Elevation Model (DEM) from the Shuttle Radar Topography Mission (SRTM) with 30-m resolution was provided by the National Geospatial-Intelligence Agency (NGA), NASA, the Italian Space Agency (ASI) and the German Aerospace Center (DLR) (http://glcf.umd.edu/data/srtm/).
Methods
The proposed SM spatio-temporal resolution improving algorithm is based on the idea of temporal reconstruction and spatial downscaling. The core objective of the spatio-temporal resolution improving algorithm is to build a linking model between the microwave SM product and the optical products at a low resolution, and then applying it at a high resolution. Hence, building a robust linking model is the most important step in this process. Machine learning models perform better in finding relationships between datasets, especially when these relationships are not easily expressed analytically. In this paper, the General Regression Neural Network (GRNN) was used to obtain high spatio-temporal resolution SM, for the GRNN has a strong fitting ability when limited training data are available. The flowchart ( Figure 2 ) includes four main steps: (1) obtaining high spatio-temporal resolution input variables based on gap-filling methods; (2) obtaining low resolution input variables by simple average method on the high spatio-temporal resolution input variables; (3) training the GRNN at low spatio-temporal resolution; and then (4) putting the high spatio-temporal resolution input variables into the trained GRNN to obtain high spatio-temporal resolution SM. The proposed method is described in detail as follows.
interpolation method was used to improve the temporal resolution from 8-days to 1-day. The performance of these methods has been validated by the proposed authors in different study areas. In a previous study, we also qualitatively discussed the usability of these methods over TP, finding that the results of these methods were acceptable. More detailed information can be found in Cui et al. [12] . Second, the DEM is resampled and projected from 30 m to 0.05° and used to eliminate the topographic effects of the LST. The latitude (Lat) and longitude (Lon) of each 0.05° × 0.05° grid center are extracted as the geographic reference data. Unlike the daily LST, NDVI, and albedo, the DEM, Lat and Lon do not change with time. Hence, one map of these three inputs is sufficient.
Remote sensing can only observe soil water in the liquid state. Therefore, the strong relationship between SM and remotely sensed LST, NDVI, and albedo is only found when the soil is unfrozen. In this study, we assume the soil to be unfrozen when the land is not covered by snow (albedo less than 0.3) and the LST is higher than 0 ℃.
Finally, the high spatio-temporal resolution (daily, 0.05°) inputs, including LST, NDVI, albedo, DEM, Lat, and Lon are obtained to be used in the SM spatio-temporal resolution improving algorithm when the soil is unfrozen. 
Obtaining High Spatio-Temporal Resolution Input Variables
First, gap-filled LST, NDVI, and albedo with a high spatio-temporal resolution (daily, 0.05 • ) should be obtained. Due to the influence of the atmosphere and clouds on the optical sensors, there are a lot of erroneous observations in the input variables, here mainly in the MODIS optical products, which need to be identified and removed [25] . The following methods were used to fill the gaps in the input variables [12] . (1) For NDVI, the cloud-free time series was obtained using a two-step Fourier-Transform method called the Harmonic Analysis of Time Series (HANTS) algorithm [25] . The HANTS algorithm [26] is based on the concept of discrete Fourier Transform and was developed to deal with time series of irregularly spaced observations [27] . The HANTS algorithm can also reduce the NDVI temporal resolution from 8-day to 1-day. (2) For LST, a multi-temporal approach proposed by Zeng et al. [28] was implemented to reconstruct the missing "clear sky" LST data based on the hypothesis that the surface temperature of a ground feature only changes linearly over a short time, and similar changes occur on similar features. (3) For albedo, a statistical temporal filtering method was used to generate a gap-filled albedo product [29] . This method is based on the temporal correlation of albedo measurements in neighboring days, which assumes that the true albedo on the k-th day is linearly correlated with the true albedo on the (k+ k)-th day. For albedo, the bilinear interpolation method was used to improve the temporal resolution from 8-days to 1-day. The performance of these methods has been validated by the proposed authors in different study areas. In a previous study, we also qualitatively discussed the usability of these methods over TP, finding that the results of these methods were acceptable. More detailed information can be found in Cui et al. [12] .
Second, the DEM is resampled and projected from 30 m to 0.05 • and used to eliminate the topographic effects of the LST. The latitude (Lat) and longitude (Lon) of each 0.05 • × 0.05 • grid center are extracted as the geographic reference data. Unlike the daily LST, NDVI, and albedo, the DEM, Lat and Lon do not change with time. Hence, one map of these three inputs is sufficient.
Remote sensing can only observe soil water in the liquid state. Therefore, the strong relationship between SM and remotely sensed LST, NDVI, and albedo is only found when the soil is unfrozen.
In this study, we assume the soil to be unfrozen when the land is not covered by snow (albedo less than 0.3) and the LST is higher than 0°C.
Finally, the high spatio-temporal resolution (daily, 0.05 • ) inputs, including LST, NDVI, albedo, DEM, Lat, and Lon are obtained to be used in the SM spatio-temporal resolution improving algorithm when the soil is unfrozen.
Obtaining Low-Resolution Input Variables
In the relationship finding stage, the spatial resolution of the input variables (LST, NDVI, albedo, DEM, Lat and Lon) should be the same as the SM, which has a low resolution of 0.25 • . Hence, we average the daily high spatial resolution input variables to low spatial resolution, i.e., from 0.05 • to 0.25 • .
Training GRNN at Low Resolution
GRNN was proposed by Specht in 1991 [30] . The GRNN has four layers, including input layer, hidden layer, summation layer and output layer (as shown in Figure 3 ). As a kind of radial basis function neural network and a typical machine learning model, GRNN is often used for function approximation to solve regression problems. GRNN has the ability to transform data from a low to a high dimensional space. Hence, it has a strong, non-linear mapping ability with a high degree of fault tolerance and robustness. Studies have shown that the GRNN has greater advantages over BNPP in the ability to approach and learning speed, and can work well with small sample sizes [31] .
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(1)
where SM m is the estimated SM, SM o is the observed or original SM, SM m is the average of the estimated SM, SM o is the average of the observed or original SM and N is the number of observations.
Results and Discussions
Spatial Resolution Analysis
The original FY-3B SM (labeled as FY_Ori SM) of 2014 was reconstructed and downscaled to generate high spatio-temporal resolution SM. Maps of FY_Ori SM and the corresponding spatio-temporal resolution-improved SM (labeled as FY_Imp SM) for 30/03, 30/06, 30/09, 31/12 over the TP are shown in Figure 4 . The FY_Imp SM improved in terms of spatial details and preserved spatial patterns similar to those of FY_Ori SM over most of the TP. Higher SM was mainly found in the east, especially during the summer. Lower SM was mainly found in the west, especially in the winter. The southeastern TP had high SM all year. From the four figures, we can see that the temporal distribution characteristics of the FY_Imp SM were consistent with FY_Ori SM, increasing from winter to summer. Additionally, the dynamic range of FY_Ori SM was also reproduced in the FY_Imp SM, indicating that the GRNN model has a robust performance. The extremely wet area in the southeastern TP was also captured by the FY_Imp SM. This represents an important improvement with respect to other downscaling algorithms based on soil moisture indices, which fail to capture the characteristic in this region [32] . 
Temporal Resolution Analysis
From Figure 4 b,d ,f,h, we can see that the spatial coverage of FY_Imp SM improves significantly compared with the FY_Ori SM. From Figure 4a ,c,e,g, we can see that there are a lot of gaps in the FY_Ori SM, and also find that the gaps are not always due to the orbit or snow/glacier/water cover. The SM retrieval algorithm is another main reason for the gaps. These examples show that the FY_Imp SM completely filled the data gaps in FY_Ori SM when the soil was unfrozen and greatly enriched the spatial details and variations of SM. This represents an important improvement with respect to other spatial downscaling algorithms, which fail to improve the temporal resolution resulting in a large number of gaps in the downscaled SM map [32, 33] .
The data coverage was calculated after resampling the FY_Imp SM from 0.05° to 0.25°. Figure 5 shows the histograms of the FY_Ori SM and FY_Imp SM data coverages. The coverage of FY_Ori SM is lower than 30% over most of the TP. The entire TP SM coverage was improved from 23.7% to 78.7% with our proposed method. Regardless of the surface covered by water/glaciers or the soil being frozen, FY_Imp SM is temporally continuous at the daily scale. 
The data coverage was calculated after resampling the FY_Imp SM from 0.05 • to 0.25 • . Figure 5 shows the histograms of the FY_Ori SM and FY_Imp SM data coverages. The coverage of FY_Ori SM is lower than 30% over most of the TP. The entire TP SM coverage was improved from 23.7% to 78.7% with our proposed method. Regardless of the surface covered by water/glaciers or the soil being frozen, FY_Imp SM is temporally continuous at the daily scale. 
Comparison with the Original FY-3B Soil Moisture and In Situ Measurements
The FY_Imp SM was resampled from 0.05° to 0.25° and compared with the FY_Ori SM to evaluate its consistency. We calculated the correlation coefficient (R_IO) and RMSE_IO between the resampled FY_Imp and FY_Ori SM and both metrics show different spatial distributions ( Figure  6a,b) . For the most part of the TP, R_IO is larger than 0.9. Hence, it is reasonable to say that FY_Imp SM is consistent with the FY_Ori SM in its ability of capturing SM variation over the TP. In the north and west, where the soil is dry, the R_IO is lower than other parts but the RMSE_IO is also lower. The main reason for this is that the dynamic range of yearly soil moisture is small, causing the lower model fitting performance. Meanwhile, we can see that higher R_IO does not always result in lower RMSE_IO. For example, in the south of TP, where the soil is wet, the RMSE_IO is higher; an analysis of the input data reveals that here the terrain is complex, with elevations from 100 m to 6000 m in a local 2° × 2° window. This leads to conclude that a global downscaling strategy of the machine learning model is unsuitable to complex terrain regions (results not shown). Hence, we chose a local application strategy with a moving window of 2° × 2° to mitigate the uncertainty in this study. In the high RMSE_ IO region, the results do not support the residual-based correction approach in the spatial resolution downscaling process [33] . In the two large (NWL025 and NWL100) in situ networks, we calculated the error metrics of FY_Ori SM and FY_Imp SM against the in situ observations. From Table 2 , we can see that FY_Imp SM is comparable to FY_Ori SM. However, the FY_Imp SM has more observation samples than FY_Ori SM, meaning that the temporal resolution is significantly improved; this is consistent with Sections 3.1 and 3.2. Compared with the FY_Ori SM, the RMSE and ubRMSE of FY_Imp SM were slightly decreased, thought the absolute bias showed little change. This means that the spatiotemporal resolution-improving process could reduce the statistical error by increasing the number of valid observations. This gives us an indication that satellite-based SM products perform differently when data have different time spans, and a validation based on long-term observations seems more credible. This assumption should be verified in future research. 
The FY_Imp SM was resampled from 0.05 • to 0.25 • and compared with the FY_Ori SM to evaluate its consistency. We calculated the correlation coefficient (R_IO) and RMSE_IO between the resampled FY_Imp and FY_Ori SM and both metrics show different spatial distributions (Figure 6a,b) . For the most part of the TP, R_IO is larger than 0.9. Hence, it is reasonable to say that FY_Imp SM is consistent with the FY_Ori SM in its ability of capturing SM variation over the TP. In the north and west, where the soil is dry, the R_IO is lower than other parts but the RMSE_IO is also lower. The main reason for this is that the dynamic range of yearly soil moisture is small, causing the lower model fitting performance. Meanwhile, we can see that higher R_IO does not always result in lower RMSE_IO. For example, in the south of TP, where the soil is wet, the RMSE_IO is higher; an analysis of the input data reveals that here the terrain is complex, with elevations from 100 m to 6000 m in a local 2 • × 2 • window. This leads to conclude that a global downscaling strategy of the machine learning model is unsuitable to complex terrain regions (results not shown). Hence, we chose a local application strategy with a moving window of 2 • × 2 • to mitigate the uncertainty in this study. In the high RMSE_ IO region, the results do not support the residual-based correction approach in the spatial resolution downscaling process [33] .
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Remote Sens. 2019, 11, x FOR PEER REVIEW 10 of 13 The FY_Imp SM is validated against the in situ measurements at four different spatial resolution networks (0.05°, 0.1°, 0.25° and 1°), as shown in Figure 7 . In all the field networks, the in situ observations and the pixel values were aggregated to the same spatial scale as the field networks to make them comparable. The RMSE, bias and ubRMSE show little change at different scales. As resolution increases, the RMSE and ubRMSE slightly increase. The maximum bias is -0.024 cm 3 cm -3 , indicating that FY_Imp underestimated SM, just like the FY_Ori SM. For lower bias, ubRMSE is very close to RMSE, and both are larger than that of the new SMAP SM target of 0.04 cm 3 cm -3 [5] , indicating that the X-band is not the optimal wavelength to retrieve soil moisture compared with the L-band. Figure 8 shows the time series of FY_Imp and FY_Ori SM compared with in situ SM measurements at networks NWL005 and NWL025. It can be observed that the FY_Imp SM has similar performance with the FY_Ori SM in capturing the temporal dynamics of in situ SM, where the SM is high in summer and low in winter. The FY_Imp SM is mainly determined by the FY_Ori SM and other factors, such as vegetation cover and soil unconsidered freeze/thaw events, have limited effect on the FY_Imp SM. For example, although FY_Imp SM underestimate the in situ value during April-May, it is still highly consistent with the FY_Ori SM. One thing that should be noted is that with the increase of land surface complexity, such as vegetation cover increasing, the consistency between FY_Imp and FY_Ori SM will decrease slightly. Hence, improving the quality of the input data of GRNN is still a key step to further improve the FY_Imp SM quality. Overall, the FY_Imp SM is consistent with the FY_Ori SM and the quality does not decrease in the spatio-temporal resolution improving process.
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Conclusions
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